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SAR Ship Target Detection Algorithm Combining Attention Mechanism
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ABSTRACT: In order to improve the detection accuracy of ship targets in synthetic aperture ra-
dar (SAR) images, a target detection algorithm RA-YOLO integrating the receptive field atten—
tion mechanism and global information was proposed based on YOLOVS algorithm framework. In
order to enhance the important information perception ability, the Receptive-Field Attention con-
volution was introduced into the backbone network. At the same time, a global maximum pool-
ing layer and a global average pooling layer were added to the spatial pyramid pooling structure to
integrate background information and edge information, by which the detection accuracy was im-
proved. Finally, the Inner-IoU loss function was introduced to improve the generalization ability
of the network. Thereby, the regression speed and the accuracy of the prediction frame were im-
proved. Results of experiments on open data set showed that when the number of parameters and
operation speed are almost unchanged, the average accuracy of the proposed algorithm is 3%
higher that that of YOLOVS algorithm, and the comprehensive performance is better than other

classical target detection algorithms.
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Tab.1 Results of ablation experiments
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Tab.2 Performance test results of different algorithms
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